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Figure S1. Example of Arabidopsis thaliana rosette leaves scanned after being separated from 
their petiole, examined for the degree of covering of their abaxial surface with trichomes and 
stuck with double-sided adhesive on a sheet of paper in the order of emergence. The letter ‘T’ 
indicates the first leaf having its abaxial surface partially covered with trichomes. The letter 
‘A’ indicates the first leaf having its abaxial surface fully covered with trichomes. The black 
square was used as a calibration marker (400 mm²) for the measurement of the leaf areas. 
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Figure S2 (a) and (b). Leaf blade length-to-width ratio (x100) as a function of the leaf rank for 
Arabidopsis thaliana (a) Col-0 ecotype and (b) SALK_055458 mutant. Linear trends within 
each phase are shown in color. Solid lines: most probable phase (i.e. majority of the leaves at 
the rank assigned to the phase). Dashed lines: alternative phase (with respect to the most 
probable phase) shown if the corresponding probability > 0.04. 
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Figure S2 (c) and (d). Leaf blade length-to-width (x100) as a function of the leaf rank for 
Arabidopsis thaliana (c) SALK_048174 and (d) SALK_126071 mutants. 
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Figure S3 (a) and (b). Final leaf area (mm²) as a function of the leaf rank for Arabidopsis 
thaliana (a) Col-0 ecotype and (b) SALK_055458 mutant. Linear trends within each phase are 
shown in color. Solid lines: most probable phase (i.e. majority of the leaves at the rank 
assigned to the phase). Dashed lines: alternative phase (with respect to the most probable 
phase) shown if the corresponding probability > 0.04. 
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Figure S3 (c) and (d). Final leaf area values (mm²) are shown as a function of the leaf rank for 
Arabidopsis thaliana (c) SALK_048174 and (d) SALK_126071 mutants. 
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Figure S4 (a) and (b). Characteristic expansion duration (hours) as a function of the leaf rank 
for Arabidopsis thaliana (a) Col-0 and (b) SALK_055458 mutant. Linear trends within each 
phase are shown in color. Solid lines: most probable phase (i.e. majority of the leaves at the 
rank assigned to the phase). Dashed lines: alternative phase (with respect to the most probable 
phase) shown if the corresponding probability > 0.04. 
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Figure S4 (c) and (d). Characteristic expansion duration (hours) as a function of the leaf rank 
for Arabidopsis thaliana (c) SALK_048174 and (d) SALK_126071 mutants. 
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Table S1. Mean meteorological conditions applied during Arabidopsis thaliana plant growth. 
Day length (h)   16 
Incident PPFD (µmol photons m-2 s-1) 178 
Air temperature (°C)   20.4 
Air humidity (%)   60.6 
Soil water content (g H2O g-1 dry soil)    0.36 
 
 
Table S2. Uncertainty concerning the segmentation of the shoots in successive developmental 
phases: minimum posterior probability of the optimal segmentation, proportions of 
individuals whose posterior probability of the optimal segmentation is above given thresholds 
(0.75, 0.9 and 0.95), number of possible segmentations (lower and higher values, mean) for 
each Arabidopsis thaliana genotype (Col-0 ecotype and SALK_055458, SALK_048174 and 
SALK_126071 mutants). 
 Minimum 
probability 
% of individuals above 
the given thresholds 
Number of possible 
segmentations 
  0.75 0.9 0.95 Interval Mean 
Col 0 0.64 90 59 35 3 → 32 12.7 
SALK_055458 0.42 80 63 33 6 → 32 16.5 
SALK_048174 0.53 70 27 14 6 → 18 11.7 
SALK_126071 0.46 68 28 13 6 → 18 15.3 
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Table S3. Lowest and the highest ranks of the leaves assigned to each developmental phase 
and corresponding values predicted by the linear models estimated for the leaf blade length-
to-width ratio (x100), the final leaf area (mm²) and the characteristic growth duration (hours), 
and for each Arabidopsis thaliana genotype (Col-0 ecotype and SALK_055458, 
SALK_048174 and SALK_126071 mutants). 
Phase Seedling Juvenile Transition Adult 
Length-to-width ratio Lowest Highest Lowest Highest Lowest Highest Lowest Highest 
Col-0 Rank 
Value 
1 
117 
2 
115 
3 
123 
8 
166 
7 
167 
12 
209 
10 
192 
14 
230 
SALK_055458 
Rank 
Value 
1 
113 
2 
115 
3 
119 
9 
160 
7 
159 
13 
198 
9 
192 
14 
200 
SALK_048174 
Rank 
Value 
1 
118 
3 
121 
3 
124 
8 
173 
7 
178 
10 
215 
8 
199 
12 
249 
SALK_126071 Rank 
Value 
1 
123 
3 
129 
3 
127 
13 
187 
10 
179 
16 
190 
  
Final leaf area     
Col-0 Rank 
Value 
1 
24 
2 
25 
3 
46 
8 
190 
7 
166 
12 
361 
10 
315 
14 
382 
SALK_055458 
Rank 
Value 
1 
18 
2 
19 
3 
36 
9 
151 
7 
115 
13 
248 
9 
179 
14 
263 
SALK_048174 Rank 
Value 
1 
19 
3 
41 
3 
50 
8 
184 
7 
187 
10 
281 
8 
263 
12 
327 
SALK_126071 
Rank 
Value 
1 
16 
3 
20 
3 
23 
13 
186 
10 
182 
16 
235 
  
Growth duration     
Col-0 
Rank 
Value 
1 
49.0 
2 
48.9 
3 
47.8 
8 
41.6 
7 
41.6 
12 
38.2 
10 
35.6 
14 
37.6 
SALK_055458 
Rank 
Value 
1 
54.8 
2 
55.9 
3 
55.6 
9 
42.6 
7 
42.2 
13 
41.7 
9 
38.1 
14 
35.9 
SALK_048174 Rank 
Value 
1 
45.2 
3 
49.9 
3 
47.8 
8 
42.8 
7 
40.4 
10 
40.6 
8 
37.4 
12 
39.6 
SALK_126071 
Rank 
Value 
1 
42.8 
3 
40.3 
3 
46.0 
13 
39.4 
10 
39.5 
16 
34.9   
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Methods S1. Properties of the logistic function modeling leaf expansion 
The logistic function used to model leaf expansion is given by 
}/)({exp1 BMt
AY
−−+
=  
where A is the upper asymptote, i.e. the estimated final leaf area, B is the characteristic growth 
duration (inverse of growth rate), and M is the time corresponding to the inflection point (time 
of maximum growth). 
 
The growth duration between Aα  and A)1( α−  with 5.00 <<α  given by 





 −=−− α
α
αα
1log21 Btt  
only depends on α and B. Therefore, parameter B corresponds to the growth duration between 
Aα  and A)1( α−  for 0.38})5.0exp(1{/1 ≈+=α . 
 
Methods S2 - Definition of semi-Markov switching models and associated 
statistical methods 
Semi-Markov chains 
Let { }tS  be a semi-Markov chain with finite-state space }1,,0{ −J . A J-state semi-Markov 
chain { }tS  is defined by the following parameters: 
 initial probabilities )( 1 jSPj ==π  with 1=∑ j jπ ; 
 transition probabilities 
- nonabsorbing state i: for each ),|(, 1 iSiSjSPpij tttij =≠==≠ −  with 1=∑ ≠ij ijp and 
0=iip  by convention, 
- absorbing state i: 1)|( 1 ==== − iSiSPp ttii  and for each 0, =≠ ijpij . 
 
An explicit occupancy distribution is attached to each nonabsorbing state: 
 ,2,1),,|2,,0,,()( 11 =≠=−==≠= +−+++ ujSjSuvjSjSPud ttvututj  
Since 1=t  is assumed to correspond to a state entering, the following relation is verified: 
.)(),,1,,( jjvtt tdtvjSjSP π===≠ −   
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We define as possible parametric state occupancy distributions binomial distributions, 
Poisson distributions and negative binomial distributions with an additional shift parameter d 
( 1≥d ) which defines the minimum sojourn time in a given state. 
The binomial distribution with parameters d, n and p ( pq −=1 ), B(d, n, p) where 10 ≤≤ p , 
is defined by 
.,,1,,)( ndduqp
du
dn
ud unduj +=

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= −−  
The Poisson distribution with parameters d and λ, P(d, λ), where λ is a real number ( 0>λ ), is 
defined by: 
,1,,
! )(
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−
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ddu
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λλ  
The negative binomial distribution with parameters d, r and p, NB(d, r, p), where r is a real 
number ( 0>r ) and 10 ≤< p , is defined by: 
,1,,
1
1
)( +=
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Semi-Markov switching models 
A semi-Markov switching model can be viewed as a pair of stochastic processes { }tt XS ,  
where the “output” process { }tX  is related to the “state” process { }tS , which is a finite-state 
semi-Markov chain, by a probabilistic function or mapping denoted by f (hence )( tt SfX = ). 
Since the mapping f is such that a given output may be observed in different states, the state 
process { }tS  is not observable directly but only indirectly through the output process { }tX . 
This output process { }tX  is related to the semi-Markov chain { }tS  by the observation (or 
emission) models. The output process at time t depends only on the underlying semi-Markov 
chain at time t. The extension to the multivariate case is straightforward since, in this latter 
case, the elementary observed variables at time t are assumed to be conditionally independent 
given the state tt sS = . 
 
In the case of the trichome variable, the observation probabilities )|()( 1,1, jSyXPyb ttj ===  
were directly estimated (categorical observation distribution). 
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In the case of the quantitative variables (leaf blade length-to-width ratio, final leaf area and 
characteristic growth duration), the e-th output process { }etX ,  is related to the state 
process{ }tS , by a linear trend model 
).,0(N~, 2,,,,,, ejejejejejet tX σeeβα ++=  
The maximum likelihood estimation of the parameters of a semi-Markov switching model 
requires an iterative optimization technique, which is an application of the EM algorithm. 
Once a semi-Markov switching model has been estimated, the most probable state sequence 
*s  with its associated posterior probability )|( * xXsS ==P  can be computed for each 
observed sequence x using the so-called Viterbi algorithm (Guédon, 2003). In our application 
context, the most probable state sequence can be interpreted as the optimal segmentation of 
the corresponding observed sequence in successive developmental phases; see Guédon (2003; 
2005, 2007) for the statistical methods for hidden semi-Markov chains that directly apply to 
semi-Markov switching models. 
 
Methods S3. Validation of the assumption of a succession in developmental 
phases 
The succession of states is almost deterministic 
A “left-right” five-state SMSM (four transient states and an absorbing end state modeling the 
reproductive phase) was built for each data set except SALK_126071 (three transient states 
and an absorbing end state). These models were then used to segment the multivariate 
sequences into successive developmental phases. The iterative estimation algorithm used to 
estimate SMSMs was initialized with a “left-right” model such that 0>jπ , 0=ijp  for ij ≤  
and 0>ijp  for ij >  for each transient state i, 1=iip  and 0=ijp  for ij ≠  for the final 
absorbing end state. The fact that states could not be skipped in most cases was the result of 
the iterative estimation procedure. The estimated transition distribution for each transient state 
i was thus almost degenerate i.e., 11 ≈+iip  and 0=ijp  for 1+≠ ij . The only exception was 
state 2 with 27.0end2 =p  for Col 0, 0.22 for SALK_055458 and 0.08 for SALK_048174. 
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Segmentation ambiguity is low 
The posterior probabilities of the optimal segmentations (i.e. weight of the optimal 
segmentation among all the possible segmentations of a given observed sequence) were most 
often high: 90% above 0.75 and 59% above 0.9 for Col 0 to be related to an average of about 
12 possible segmentations. The results were similar for SALK_055458 while the 
segmentation ambiguity was a bit higher for SALK_048174 and SALK_126071; see 
Table S2. 
 
References 
Guédon Y. 2003. Estimating hidden semi-Markov chains from discrete sequences. Journal of 
Computational and Graphical Statistics 12(3): 604–639. 
Guédon Y. 2005. Hidden hybrid Markov/semi-Markov chains. Computational Statistics & 
Data Analysis 49(3): 663–688. 
Guédon Y. 2007. Exploring the state sequence space for hidden Markov and semi-Markov 
chains. Computational Statistics & Data Analysis 51(5): 2379–2409. 
 
13 
 
